Abstract A simple heuristic algorithm has been developed for an accurate prediction of indoor wireless coverage, aiming to improve existing models upon multiple aspects. Extensive measurements on several floors in four buildings are used as validation cases and show an excellent agreement with the predictions. As the prediction is based on the free-space loss model for every environment, it is generally applicable, while other propagation models are often too dependent on the environment upon which it is based. The applicability of the algorithm to a wireless testbed network in a living lab setting with WLAN 802.11b/g nodes is investigated by a site survey. The results can be extremely useful for the rollout of indoor wireless networks.
Introduction
The increasing use of indoor wireless systems, such as WLAN (Wireless Local Area Network) (broadcast) systems in e.g., conference rooms, office buildings,. . . or sensor networks [1] for network management, monitoring, security,. . . gives rise to a need for propagation prediction algorithms that can be used for different building types (office buildings, exhibition halls, factories,. . . ), with a sufficient accuracy. The characterization of indoor propagation and path loss in indoor environments has been the subject of extensive research and many models have been proposed to make accurate predictions . Different prediction approaches have been followed.
Statistical (site-specific) one-slope models [15] [16] [17] [18] [19] [20] [21] [22] [23] (e.g. multi-wall models) predict path loss based on measurements of a specific site or for a specific environment. They are easy to construct when a lot of measurement data is available and allow a fast prediction. However, the validity of the prediction is mostly limited to the propagation environment it represents. In order to obtain a reliable prediction model for a new building type (or a new transmitter location), an additional measurement campaign will most likely have to be executed. In [15, 27] , indoor path losses have been statistically investigated for different room categories (adjacent to transmitter room, non-adjacent,. . . ) in 14 houses. Path loss in five office environments has been determined and the importance of taking wall attenuations into account in the prediction model is indicated in [16] . In [18] , low prediction errors are obtained, but the analysis was performed for a site-specific validation of the ITU Indoor Path Loss model (only indoor office environments), whereas our algorithm is generally applicable (office environment, exhibition hall, retirement centre,. . . ). In [20] , different propagation models were tuned to a measurement set, but unlike in this paper, no validation measurements were performed. Tuning a prediction model can be understood as adapting the model parameters to make the predictions correspond with the path loss measurements that were performed. Unlike in many other works, no parameter tuning will be executed in the validation phase of our prediction model. One-slope models and different multi-wall based models were analyzed and results have been provided for a typical office environment in [28] . The standard deviation of the model error was around 6 dB for the best model. In [21] , a simple one-slope model was constructed for a mostly-LoS environment. A value of 2 for the path loss exponent n was obtained. LoS and NLoS measurements have been fitted to a one-slope model in [23] . The path loss exponent here accounted also for the wall losses for the NLoS measurements. However, no model validations in other rooms or buildings were executed. In [22] , a statistical path loss model is proposed for different propagation conditions. No validation measurements have been performed to test the model.
To avoid the limited prediction validity of statistical models, ray-tracing and ray-launching model techniques [2] [3] [4] [5] [6] take into account the geometry of the building and the used materials. They usually require a vector based description of the environment to identify the reflected and diffracted rays from surface and edges [29] . Although ray-tracing solvers claim to be accurate, the results appear to be very dependent on geometrical details of the ground plan, which force the user to work with very accurate plans [30] . Moreover, the prediction transmission settings (number of interactions (transmissions, reflections, and diffractions) of the rays with the environment) may have a relevant influence on the prediction results: differences up to 5 dB have been observed for the average path loss along a line-of-sight (LoS) path when the number of interactions is adapted [31] . Finally, for large buildings, prediction times can run into several hours. In [2] , ray-tracing is used for indoor path loss prediction, with a distinction between LoS and NLoS. Procentual prediction errors range from 5% to 10%, which is higher than for our prediction. Different ray-tracing approaches (fieldsum and power-sum) have been investigated in [5] . Field-sum appeared to be most accurate. In [3, 4] , efficient two-dimensional ray-tracing algorithms for an indoor environment have been presented, resulting in a significant reduction in the computational time, without losing prediction accuracy.
Numerical solver model s [7] [8] [9] [10] consist of screen or integral methods, Finitedifference time-domain (FDTD),. . . [29] . Numerical solvers also have the disadvantage of a long calculation time, and the large dependence of the results on the precision of the ground plan. Also, the dielectric material properties of the environment have to be accurately known to obtain a good prediction. A theoretical waveguide model permitting a rigorous modal solution is proposed for predicting path loss inside buildings in [7] .
Our prediction algorithm can be classified as a heuristic algorithm. Heuristic predictions [11] [12] [13] [14] are based on one or more rules of thumb in order to make a path loss prediction. Heuristic approaches have been proposed in [12] [13] [14] . An indoor propagation model making use of the estimation of the transmitted field at the corners of each room is presented in [12] . Good results (mean absolute prediction error of 2.2 dB) are obtained, but the model is less suitable for environments where diffraction is the dominant mechanism. A more complex version of the dominant path loss model (using more model parameters) is studied and calibrated in order to minimise the prediction errors for a certain building in [13] . In [14] , a WLAN planning tool was developed to optimize the position and number of access points, as well as the total cost of the required equipment, according to different WLAN suppliers, in indoor and outdoor environments. The heuristic indoor path loss prediction model we are presenting is both simple and quick (as the statistical models), but will also prove to be very accurate (as numerical and ray-tracing solvers claim to be), although no tuning of the model will be performed in the model validation phase. Furthermore, our model is also valid for different building types. The proposed algorithm avoids the quoted problems of the statistical and ray-tracing methods by determining the dominant path between transmitter and receiver [11, 32] . Compared to [11, 32] , adaptations such as path loss model simplification, the avoidance of neural networks, and a physically intuitive approach are carried out. The simplified approach is proposed without losing prediction accuracy: the obtained deviations are lower than only 3 dB. A measurement campaign has been executed on several floors in four buildings in Belgium for construction and extensive validation of the propagation model. As our algorithm is based on free-space loss for every environment, the algorithm is generally applicable, while other predictions are often too dependent on the environment upon which the used propagation model is based. The applicability of the algorithm to a wireless living lab with WLAN 802.11b/g nodes is investigated by a site survey. We aim to provide an physically intuitive, yet accurate prediction of the path loss for different types of public and office buildings. The prediction algorithm can be of great interest to anyone who wants to set up a WLAN, sensor, or broadcast network in either home or professional environments [33] . Section 2 describes the investigated buildings and their use in the propagation modeling procedure. In Section 3, the measurement setup is described, and in Section 4, the prediction algorithm is presented. The modeling of the path loss parameters is discussed in Section 5 and Section 6 investigates different validation cases. In Section 7, the applicability of the model to a wireless living lab is discussed. Finally, conclusions are presented in Section 8.
Investigated buildings
In this paper, an indoor path loss model for the 2.4 GHz-band will be formulated. To determine the model parameters, PL measurements and simulations have been performed in four very different buildings, named Zuiderpoort (I), De Vijvers (II), Lamot (III), and Vooruit (IV). The characteristics of the investigated buildings are described hereafter and are summarized in Table 1 at the end of this section.
Zuiderpoort is a modern three-storey office building, with movable walls (layered drywalls) around a core consisting of concrete walls (Table 1 ). Fig. 1 shows the third floor of this building. Path loss measurements have been performed on both floors (1,581 path loss samples on the second floor and 5,078 samples on the third floor). The orange walls are layered drywalls, the grey ones are made of concrete. In order to assure the validity of the predictions for the entire building floor, trajectories T1-T5 are chosen to represent LoS, obstructed line-of-sight (OLoS), as well as NLoS propagation cases, while rooms A-H are chosen to investigate propagation through subsequently adjacent rooms. In rooms A-H, an average path loss in the room is calculated by moving the receiver antenna randomly through the room during 2 minutes. For the measurements on the third floor ( Fig. 1) , T A is the access point for measurement trajectories T1-T5 and T B for measurements in rooms A-H and for measurement trajectory 'corr' (corridor). Table 3 are circled on T1, T3, T4, and in rooms E and F.
De Vijvers is a retirement home (Table 1) , where 7,095 measurement samples were collected along twelve trajectories (T1 -T12) on the ground floor (see Fig. 2 ). The building mainly consists of concrete walls. Both LoS and NLoS trajectories are chosen to investigate the path loss prediction. Trajectory T12 is a part of trajectory T1, but for T1, T A was the active transmitter, whereas for all other trajectories (T2-T12), T B was active. Table 3 are indicated on T3, T4, and T6 with a black dot within a white dot.
Lamot is a multi-storey congress and heritage centre with multipurpose rooms for conferences, seminars, workshops, fashion shows, product presentations,... Thirteen path loss measurement trajectories (4,070 samples) have been executed on the third floor and the fifth floor, both having a similar geometry. The building is mainly constructed with concrete walls. Both LoS and NLoS trajectories are chosen to investigate the path loss prediction.
Vooruit is a polyvalent arts centre for all kinds of events (concerts, par-ties, debates, . . . ), built between 1911 and 1914. Measurements are performed on three floors (ground floor, first floor, and second floor). This building also mainly consists of concrete walls, some of them even with a thickness of 50 cm. Seventeen trajectories (4,390 samples) have been traversed for the path loss measurements in this building. Mostly NLoS predictions are chosen to investigate the path loss prediction. It is clear that these buildings have very different characteristics. It will be shown that our approach is capable to predict path loss for these different indoor environments. 
Path loss measurements
The path loss prediction models incorporated in the prediction algorithm are based upon, and validated with path loss measurements in different buildings. This section discusses the setup for these path loss measurements and their reproducibility.
As Tx an omnidirectional Jaybeam antenna type MA431Z00 with a gain of 4.2 dBi is used [34] . The Tx is placed at a height of 2.5 m above ground level (typical access point height in public environments). It is fed with a continuous sine wave at 2.4 GHz (ISM-band, typical for WLAN communication) with an EIRP of 20 dBm. Possible interfering sources (e.g., WiFi networks) are desactivated in order not to influence the measurements. The receiver antenna (identical to Tx) is attached to a cart at a height of 1 m (typical user device height) and is connected to a Rohde & Schwarz FSEM30 spectrum analyzer with a frequency range from 20 Hz up to 26.5 GHz. The output of the SA is sampled and stored on a laptop used to record and process the measurement data. Fig. 3 shows the measurement setup. Since the model parameters are based almost solely on the path loss measurements performed on the second floor of the Zuiderpoort building, it is important that the measured path loss values are reliable. Therefore, we investigate the reproducibility of the measurements by executing them four times (Meas1 to Meas4 in Table 2 ) for each of the five trajectories (three times for T2 due to practical reasons). Table 2 shows the average path loss recorded along T1-T5 for the four measurements. The five averages of these four measurements are used to determine the model parameter for the interaction loss (A in eq. (2)). Table 2 shows that the maximum deviation from the average path loss △ max varies only from 0.53 dB to 1.49 dB, indicating that one measurement suffices to give a correct estimate of the path loss along a trajectory. These average values will be used to determine the model parameters in Section 5. Table 2 Reproducibility of the measured path loss along T1-T5.
Algorithm concept and implementation
In this section, the concept and the implementation of the prediction algorithm is discussed. Our goal is to develop an accurate and fast algorithm that does not make use of extensive fitting to obtain good predictions, as this often leads to results which are only usable for the investigated building. The planning algorithm predicts the indoor coverage by means of a path loss (PL) prediction based on the Indoor Dominant Path Model (IDP) [11, 32] . This model is a compromise between semi-empirical models only considering the "direct" ray between transmitter Tx and receiver Rx (e.g., multi-wall model) and ray-tracing models where hundreds of rays and their interactions with the environment are investigated. In the IDP model, propagation focuses on the dominant path between transmitter and receiver, i.e., the path along which the signal encounters the smallest obstruction in terms of path loss. It takes into account the length along the path, the number and type of interactions (e.g., reflection, transmission, etc.), the material properties of the objects encountered along the path, etc. The approach of using the IDP model is justified by the fact that more than 95% of the energy received is contained in only 2 or 3 rays [11] . According to [11] , predictions made by IDP models reach the accuracy of ray-tracing models or even exceed it.
Comparison with the IDP model
Different propagation properties can be chosen to be included into the IDP model. We have chosen to take into account the distance along the dominant path (distance loss), the corresponding wall losses, and the propagation direction changes along the dominant path (interaction loss). The IDP model as presented in [32] also adds other factors, such as waveguiding, transmitter room size,. . . The more factors used though, the more tuning is needed (limited general use) and the more difficult it is to determine the influence of each single factor on the path loss. As a result, neural networks are mostly needed to construct a path loss model. Also, the more influencing factors included, the higher the dimensions of the problem, and the more training patterns needed to construct reliable models. Moreover, unlike with neural networks, these contributions are physically in line with the actual path loss caused by the three factors, which makes it easier to a posteriori adapt e.g., penetration losses based on new measurements or add new wall types to the path loss model. Therefore, we aimed to construct a model as simple as possible, but as complex as necessary for accurate predictions, this way improving the IDP model from [11, 32] . In Sections 5 and 6, it will be demonstrated that the proposed three contributing factors suffice to perform solid predictions.
General path loss model
The path loss model, based on the three discussed contributions (distance loss, cumulated wall loss, interaction loss), will now be discussed. Path losses are determined between the transmit antenna of an access point and a receiving antenna at a certain location. The total path loss for a path between an access point in one room and a receiver location in another room, is the sum of the the distance loss along the path, the total wall loss along the path, and the interaction loss along the path. The total path loss of a certain path can thus be calculated as follows: caused by all propagation direction changes B j of the propagation path from access point to receiver, with j = 1,. . ., B, where B is the number of times the propagation path changes its direction. The dominant path is defined as the path for which the sum of the cumulated wall loss, the distance loss, and the interaction loss is the lowest. Values for the model parameters will be determined in Section 5. Typical contributions of the distance loss, cumulated wall loss, and interactions loss for different transmitter-receiver configuratons will be presented in Section 4.3.
Judiciously chosen and physically intuitive path
Our model was aimed at an intuitive understanding of how path loss is affected, without losing accuracy. The three contributions taken into account in the model of equation (1) (distance loss, cumulated wall loss, and interaction loss) are selected based on the real physical propagation of a wave between transmitter and receiver.
To gain more insight into the model, we will now investigate the contributions to the total path loss of the three factors, for eight different transmitterreceiver configurations: five points circled in Fig. 1 , and three points indicated with a black dot within a white dot in Fig. 2 in the building of De Vijvers (retirement home in Ghent, Belgium, see Section 2). Table 3 shows the three different contributions to the total path loss for each of these points P B T , where B indicates the building where the point is located (Z = Zuiderpoort or V = De Vijvers) and T indicates the trajectory on which or the room in which the point is located. This table also shows the dominant path from transmitter to receiver. Different propagation situations are illustrated: LoS (P Z T1 ), OLoS (obstructed line-of-sight) with one (P Z T3 ) or more (P Z E ) walls between Tx and Rx, and propagation through corridors and/or rooms (all other points). In all cases, the distance loss is by far the most dominant factor. As the cumulated wall loss increases, it becomes more likely that another path (through corridors) will be dominant. In the De Vijvers building (containing a lot of concrete walls), the interaction losses can be quite high (up to 17.2 dB for P V T4 ). Our model was aimed at an intuitive understanding of how path loss is affected, without losing accuracy. Table 3 Overview of the three different contributions (DL = Distance Loss, CWL = Cumulated Wall Loss, IL = Interaction Loss) to the total path loss PL between eight receiver points and the transmitter in two buildings.
Modeling the parameters of the dominant path model
In this section, the model parameters will be determined. The four buildings described in Section 2 are used for the construction and the validation of the path loss model. We have deliberately chosen different types of buildings (modern office building, retirement home, modern congress centre with large exhibition halls, and old arts centre), in order to investigate the general applicability of the model. Path loss measurements on the different investi-gated building floors are used either for tuning the model parameters or for validation purposes (see Table 1 , column 'goal').
Distance loss
A first limitation we impose ourselves is the use of the free-space loss model for the distance loss (see equation (1): n = 2, PL 0 = 40 dB, d 0 = 1 m), because we aim to use a general model, avoiding fitting and tuning of the model to agree with existing measurement data of a certain environment. This way, we intend to increase the general applicability of equation (1). Changing these parameters might probably improve the prediction accuracy in the model tuning phase, but it is more likely that the resulting model would be too specific for a specific building (type), something we try to avoid in this research. The free-space loss model seemed like a good starting point for a general prediction model. Results will indicate that this was a feasible choice.
Cumulated wall loss
For the determination of the term representing the cumulated wall loss (see equation (1), we have first measured the penetration loss of the two wall types present in the Zuiderpoort building, layered drywalls (orange walls in Fig. 1 ) and concrete walls (grey walls in Fig. 1 ), and we have used the (rounded) values in the model, 2 dB and 10 dB respectively. For other wall types, we have based the loss values on available literature. For glass (windows or glass doors), 2 dB was used [35] . The importance of correct wall penetration loss values is demonstrated in [29] . A distinction was made between thin (< 15 cm) and thick (> 15 cm) walls. For thick concrete walls a loss of 15 dB [36] was used. The model's penetration loss database can easily be extended with penetration losses for various other materials using numbers and tables of [35] [36] [37] .
Interaction loss
Based on the contribution of the distance loss and wall loss factor obtained as explained above, the value of the third factor, the interaction loss factor (see equation (1)), was adjusted in order to match the predictions to measurements performed on the second floor of the Zuiderpoort building. The measurements on this building floor were thus used to tune the model (see Table 1 , column 'goal') and allowed us to determine the relation between the angle made by a propagation path and the additional loss associated with the propagation direction change. Because the interaction loss should be the same for e.g., three changes of 30
• and one change of 90
• , a linear relationship is proposed. Fig. 1 ) building, consisting mainly of layered drywalls.
Parameter values for the buildings used for validation
With the model parameters for distance loss, cumulated wall loss, and interaction loss now fixed, measurements on the third floor of the Zuiderpoort building were performed as a first validation without any further tuning (see Table 1 ), albeit in a very similar environment. However, for the De Vijvers building, an environment mainly consisting of concrete walls (vs. the lighter layered drywalls in the Zuiderpoort building), the loss when propagating around corners appeared to be higher than for the Zuiderpoort building. The interaction loss for this environment was tuned to a value of 0.1946 dB/
• or 17.5 dB/90
• for concrete walls. In fact, it was only tuned for one of the twelve trajectories (T5, a trajectory where the dominant path made a propagation direction change), so all other measured trajectories in this building can be considered as validation trajectories as well (see Table 1 , column 'goal'). For the remaining two buildings (Lamot and Vooruit), all model parameters from the analysis of the Zuiderpoort and De Vijvers buildings were used unchanged. Both buildings mainly consist of concrete, so we could immediately use the interaction loss function from the De Vijvers building, and validate the model with new measurements, without any additional tuning. Sections 5.5 and 6 will demonstrate that these validation results are more than satisfactory. Table 1 summarizes the goal (model tuning and/or validation) of the measurements in the different buildings.
Model performance for second floor of Zuiderpoort building
The model of eq. (1) with its parameters chosen as explained above is now used to calculate the deviations between the algorithm predictions and the measurements for the second floor of the Zuiderpoort building. Table 4 shows for all trajectories on the second floor (used for modeling) and third floor (used for validation) the measured average path loss PL ms [dB], the predicted path loss PL pr , and the deviation δ [dB] for the considered model for Tx and Rx at heights of 2.5 m and 1 m respectively. δ [dB] is defined as follows.
Small deviations are obtained in Table 4 for the Zuiderpoort building. An average for the absolute value of the deviation |δ| is 1.77 dB for the second floor. The deviation δ has an average of -1.15 dB with a standard deviation of 2.33 dB. Values for the standard deviation of 3 dB to 6 dB are considered to be excellent according to [29] . Our prediction model performs much better than this requirement. [dB]
[dB]
[dB] 
Validation of path loss model with measurements in other buildings
The parameter values of our prediction model are based on measurements on one floor of one building (second floor, Zuiderpoort, see Section 5) . In this section, we validate the general applicability of the path loss model constructed in Section 5, by comparing with measurements on another floor of the Zuiderpoort building, but also in the three other buildings presented in Section 2. Table 4 summarizes for trajectories in all buildings the measured average path loss PL ms [dB], the predicted path loss PL pr [dB] , and the deviation δ [dB] = PL pr -PL ms for the considered model for Tx and Rx at heights of 2.5 m and 1 m respectively. It also gives a summary of the average absolute deviations |δ| avg , the average deviations δ avg , and standard deviation σ of the deviations for each of the buildings. The measurement trajectories on the third floor of the Zuiderpoort building (see Fig. 1 ) serve as a first validation for the model proposed in Section 5 (based on measurements on second floor of Zuiderpoort building). The low deviations (|δ| = 2.56 dB, δ = -0.24 dB, σ = 3.47 dB) show that the obtained prediction model is valid for a similar propagation environment (same building, but other floor, similar materials used) without tuning of the parameters in contrary to e.g., [38] . The measurement campaign of twelve trajectories on the ground floor in 'De Vijvers' (see Fig. 2 ), a retirement home, has been considered as a second validation case. Table 4 shows that the predictions match the measurements excellently (|δ| = 1.73 dB, δ = 1.22 dB, σ = 2.19 dB). The deviations are small especially for the trajectories with the lowest path losses (T1, T2, T11, T12 are LoS or OLoS) which will be most relevant for actual networks (locations on trajectories with PL > 90 dB will probably have no WiFi reception). The measurement campaign of thirteen trajectories on the third and fifth floor in congress centre 'Lamot' has been considered as a third validation case, and the measurement campaign of seventeen trajectories on three floors of arts centre 'Vooruit' as a fourth validation case. Just like for 'De Vijvers', predictions are very accurate (see Table 4 ), indicating that the proposed model is also valid for environments for which the model has not been tuned. Table 4 shows the accuracy of our propagation prediction, even for buildings where no tuning at all has been performed (Lamot and Vooruit). In e.g., [11] , the obtained deviations are similar, but there, δ was considered, while we used |δ|, which is more correct. Moreover, the values in [11] were obtained for a similar environment, whereas we have investigated different environments, indicating the improvement compared to [11] .
7 Applicability to a wireless network in a living lab setting
In this section, it is investigated if the propagation model can be used to predict the path loss at the locations of the (fixed) nodes of a wireless (video) living lab. The testbed network and the setup for the performed measurements will be presented, followed by an investigation of the prediction quality.
Living lab network
34 WLAN nodes have been put up at a height of 2.5 m in different rooms on the third floor of the Zuiderpoort office building in Ghent, Belgium (see Section 2). Fig. 4 shows the location of all WLAN nodes on this floor (90 m x 17 m). The nodes are Alix 3C3 devices running Linux. These are embedded PC's equipped with a Compex 802.11b/g WLM series MiniPCI network adapter. The wireless network interface is connected to a vertically polarized quarterwavelength omnidirectional dipole antenna with a gain of 3 dBi. An 802.11b signal is transmitted by node 31 (indictated with circle in Figure 4 ) with a power of 0 dBm at a data rate of 1 Mbps. In total, 9000 packets are broadcast at a rate of 10 packets/s. In this validation procedure, all other nodes are receiving nodes measuring the Received Signal Strength Indication (RSSI). This RSSI value is then converted to a received power, based on a calibration performed in our lab. While space variability will inevitably be present due to the fixed character of the nodes (see also [39] ), this procedure at least allows to average out the time variability present in the UHF band [40] . 
Results
Path loss measurements with the spectrum analyser are executed close to these node locations (distance less than 30 cm). These obtained PL values are compared with the algorithm prediction and with the path loss values PL lab measured by the nodes themselves (see Section 7.2). Nodes in the same room or nodes close to each other will also be investigated as a group as shown in Fig. 4 in order to obtain an averaged value, since the node locations are subject to small-scale fading mechanisms, which are not taken into account in the algorithm. Table 5 shows the mean deviations δ mean and standard deviations σ between the SA measurement, prediction, and node measurements. Table 5 shows that the mean deviations vary between -0.27 and -2.14 dB when all nodes are considered separately, with standard deviations between 4.72 and 6.96 dB. When nodes are grouped, both the mean deviations (maximum of 1.56 dB) and the standard deviations (maximum of 4.65 dB) are lower (see Fig. 5 and Table 5 ). In general, the predictions have a good correspondence with the node measurements. The mean deviation approaches 0 dB and the standard deviation corresponds with common shadowing margins. A first reason for the existing deviations is indeed the influence of fading mechanisms. Since in total, we only dispose of 33 measurements executed at one point location, it is impossible to average out the small-scale fading for each zone (most considered groups consist of only 2 to 4 locations, see Fig. 4 ). This is probably also why the predictions have lower deviations than the SA measurements, probably because the prediction is based on an average path loss in an area, while the SA measurements are more subject to fading mechanisms. Secondly, the path loss close to the transmitter (low path losses) is somewhat overestimated by the propagation model (see also T1(2) in Table 4 , column 'Zuiderpoort'). The phenomenon of received powers being higher than expected close to the transmitter is also reported in [41] . We can thus conclude that it is possible to predict path losses for WLAN nodes in a living lab network. Table 5 Mean deviations δmean and standard deviations σ of the different predictions and measurements for the wireless living lab network.
Conclusions
A simple heuristic indoor path loss prediction algorithm for the 2.4 GHz-band has been developed. It bases its calculations on the dominant path between transmitter and receiver, but increases simplicity, introduces a strictly physical approach, and avoids neural networks and the accompanying need for a lot of training patterns. The algorithm, concept, and physical rationale have been presented. Measurements have been executed to construct and validate the model, on different floors of four buildings of different types. In contrary to many existing models no tuning of the model parameters is performed for the validation. Still, excellent correspondence between measurements and predictions is obtained: average absolute deviations for the different buildings vary between 1.29 dB and 3.08 dB, with standard deviations below 3.5 dB. The algorithm allows to quickly set up a new WLAN network for different types of indoor environments. The algorithm has also been applied to a WLAN living lab network with (fixed) nodes at specific locations. The average deviations remain low, but due to small-scale fading mechanisms, standard deviations increase up to around (maximally) 7 dB. Future research could include an extension of the prediction algorithm for propagation through floors or ceilings and the development of an algorithm for automatic network optimization.
